The need for a reliable in-field quality measurement in the sugarcane industry is growing as the quality of sugarcane could vary significantly across the field. However, current monitoring systems in this industry only monitor crop yield and do not have the ability to measure the product quality. Thus, the potential of the visible/shortwave near infrared (vis/SW-NIR) spectroscopic technique as a low-cost alternative to predict sugar content from sugarcane stalks was investigated. Two hundred and ninety-two internode samples were extracted from three different sugarcane varieties to assess the ability of this technique. Each sample was cut into four sections and the spectra collected from the cross-sectional surface of each section were later correlated with its sugar content (°Brix). Partial least square (PLS) models were developed using calibration samples. The best model predicted samples in a prediction set had a coefficient of determination (r 2 ) of 0.87 and root means square error of prediction (RMSEP) of 1.45 °Brix. The value of the ratio of the standard deviation to the standard error of prediction (RPD) was 2. The variations of °Brix and prediction accuracy along the individual internode were 8.7 and 13%, respectively. These results indicated the vis/SW-NIR spectroscopy could be applied to predict °Brix values from sugarcane stalks based on a cross-sectional scanning method.
Introduction
The sugarcane industry is one of Australia's largest rural industries, with annual sugar production reaching more than 5 Mt. 1 Recently, due to the on-going need to improve the production and demonstrate the use of environmentally sustainable best practice, there is a growing interest from the industry to adopt a precision agriculture (PA) technique. 2 PA is a valuable management tool. Its use leads to higher farm profits by matching the applications of crop inputs to variations of crop yield and quality in the field. 3 Bramley 4 presented an extensive review of the research, development and adoption of PA in the sugarcane industry with special emphasis on the Australian sugar industry. However, the author reported that current PA technologies could only monitor yield variation and had no ability to measure the product quality. Studies in several sugarcane industries have been carried out to produce yield maps. 3, 5, 6 In comparison, no study has been published regarding the development of a sugarcane quality measurement system to produce a quality map for sugarcane, even though the quality parameter may be as important as the yield.
The in-field measurement of quality is very important to the industry because significant variation in quality exists across a field. 7, 8 However, the development of an in-field quality measurement for this industry is hindered due to the absence of a sensor which could survive a harsh field environment and rugged harvesting conditions. In Australia, sugarcane quality is determined based on its sugar content, known as commercial cane sugar (CCS). CCS is derived from °Brix (soluble solids content), Pol (the sugar content measured using the property of optical activity which causes polarised light to be rotated) and fibre content. The common technologies used to measure sugarcane quality in laboratories, such as refractometry, polarimetry, chromatography and near infrared (NIR) spectroscopy, have great limitations for field use because they are often time-consuming, operator-dependent and require hazardous reagents. 9 These methods also require juice samples for the measurement. Unfortunately, obtaining sufficient juice samples in the field to measure quality parameters is very difficult, especially during harvesting. Therefore, a rapid technique which could be performed on non-juice samples would be highly desirable.
Spectroscopic methods have long been used in agricultural and other industries because it is a fast, simple, low-cost and non-destructive analytical technique. 10 and mid-infrared [(MIR): 2500-25,000 nm)]. The application of vis/SW-NIR instruments appears promising because the bands are ascribed to the third and fourth overtones of O-H and C-H stretching modes and the instrument is low-cost and portable enough for in-field measurements. 11 Vis/SW-NIR spectroscopy has been used to measure the sugar content of solid samples such as apples, 12 pineapples 13 and guava. 14 In the sugarcane industry, a laboratory spectroscopic method has been successfully used on juices and fibrated samples for both qualitative and quantitative measurements. 9, [15] [16] [17] Recently, there was an attempt by Nawi et al. 18 to predict sugar content in sugarcane from the cross-sectional surfaces of sugarcane stalks using a spectroscopic method in the field. The study found that the coefficient of determination (r 2 ) for °Brix, Pol, CCS and fibre content, as predicted by the vis/SW-NIR spectroradiometer, were 0.68, 0.71, 0.70 and 0.56, respectively. The corresponding r 2 for °Brix, Pol, CCS and fibre content, as predicted by the FR spectroradiometer, were 0.76, 0.76, 0.81 and 0.68, respectively. The study was conducted by randomly cutting the whole stalk into three sections; bottom, middle and top. Then, each section was scanned on the cut surface. The reason for cutting the stalk into three sections was that sugar distribution within the sugarcane stalk varies along the height of the stalk. However, this study did not consider the variation of sugar content along the height of an individual internode. Since sugarcane is a tall crop and the stems comprise a series of nodes and internodes, it is expected that a small variation may also occur along the height of an internode, especially between node and internode areas. Thus, the variation within an individual internode should also be understood in order to achieve better accuracy for the actual field measurement.
Furthermore, even though the study showed that the FR spectroradiometer performed better than the vis/SW-NIR spectroradiometer, the application of the FR spectroradiometer in the field is not economical because it is expensive equipment. Therefore, despite lower accuracy obtained by the vis/SW-NIR spectroradiometer, the application of this low-cost and portable instrument warrants further investigations. Improvements in sample presentation, spectral measurement and statistical methods could increase the prediction accuracy of this equipment, thus making the proposed method more attractive to the industry for a field test.
Therefore, the goal of this study was to further improve the ability of vis/SW-NIR spectroscopy to be a rapid, reliable and portable piece of equipment to predict sugar content from cross-sectional surfaces of the sugarcane internode. This study was also undertaken to characterise the variations in sugar content (°Brix) over the length of sugarcane internode, especially between the node and the internode. The specific objectives of this study were; (1) to develop partial least square (PLS) models for predicting °Brix from cross-sectional surfaces of sugarcane internode samples; (2) to quantify the variation of °Brix and prediction accuracy along an individual internode; and (3) to quantify the prediction accuracy of the PLS models developed from the average spectra data vs an individual spectrum data.
Materials and methods

Crop samples
A total of 22 sugarcane stalks with 292 internode samples were supplied by the research station the Bureau of Sugar Experimental Station (BSES), Bundaberg, Queensland. The stalk samples were a plant crop, harvested in May 2012 after eight months of growing. The crop was grown under commercial practices with the fertilisation based on soil test and the six easy steps for nutrition guidelines. The stalks were hand harvested from commercial variety trials, representing three different varieties: early-maturing (Q155), mid-maturing (Q208) and late-maturing (Q190) crops. The selection of these three varieties was to ensure that the regression models developed in this study were more robust when applied todifferent sugarcane varieties.
The tops of the stalk samples were removed by cutting each stalk near the growing point and removing all leaf materials. Then, the stalks were cut on the node portion into an individual internode using a cutter. Each internode sample was cut into four sections of approximately the same length, representing the node and the internode areas ( Figure 1 ). Each section was labelled as C1, C2, C3 or C4 following the sequence from C1 to C4 (from bottom to the top), where C1 represented the node portion. To assess the application of the cross-sectional scanning method (CSSM) on sugarcane stalks, immediately after cutting, each cut section was scanned on its cross-sectional surface using the vis/SW-NIR spectroradiometer.
Instrumentation and spectral measurement
The reflectance measurement mode was applied in this study to collect spectral data from the cross-sectional surface of the cut sections. Reflectance measurement was easy to perform as it did not require contact with the crop and light levels were relatively high. 19 Reflectance measurements have been successfully used to measure fruit crop quality by Chia et al. 13 The reflectance spectra were measured using a handheld vis/shortwave (325-1075 nm) near infrared spectroradiometer (vis/SW-NIRS; FieldSpec HandHeld and FieldSpec Pro FR, from Analytical Spectral Devices (ASD), Inc., Boulder, CO, USA). The equipment had a spectral resolution [full width at half maximum (FWHM) of a single emission line] of approximately 3 nm at around 700 nm and spectra were measured at 1.5 nm intervals. The measurement was undertaken using the 25° field-of-view (FOV) of the spectroradiometer. The equipment was set to record the average of 20 scans for each spectrum. Relative reflectance spectra were calculated by dividing the reflectance of samples with the reflectance from the white reference panel for each wavelength.
The spectral measurements were carried out inside a purpose-built measurement box (900 mm × 600 mm × 450 mm). The box was designed to eliminate the influence of ambient light on the spectral measurement and to ensure a consistent distance and measurement angle between the probe and samples. Two halogen lamps (Lowell Pro-Lamp 14.5 V tungsten bulb, Ushio Lighting, Inc., Japan) were used to illuminate the samples. The lamps were placed at a distance of 800 mm above the sample at the angle of 45°. The distance between the sensor and the sample was set at 70 mm, resulting in a measured spot of 30 mm diameter as calculated using the formula provided by ASD. 20 The distance between the sensor and the sample was maintained by fixing the sensor to a tripod while the samples were held by a fixed sample holder.
All spectral data were stored in a computer and processed using the RS3 software for Windows (Analytical Spectral Devices, Boulder, CO, USA) designed with a graphical user interface. The reflectance spectra were transformed into ASCII format using the ASD ViewSpecPro software (Analytical Spectral Devices, Boulder, CO, USA). Then, the reflectance data (R) were transformed by log (1/R −1 ) into absorbance data (A). In order to avoid a low signal-to-noise ratio, the first and last 75 nm data points were removed from the original spectral data. 21 Therefore, only the wavelength regions between 400 nm and 1000 nm were used for the calculations.
Measurement of reference values
After the spectral measurement, each cut section was squeezed using a clamp to extract juice samples for °Brix measurement. The measurement of °Brix for an internode sample using extracted juice from each cut section was particularly prone to bias if a different amount of juice was collected from each cut section. To minimise this potential bias, a consistent clamping force was applied on each cut section during squeezing in an attempt to extract the same amount of juice from each cut section. However, the node portion was found to be harder and produced less juice than the internodes. On average, approximately 20 mL of juice was collected from each internode sample.
The juice from all cut sections of the same internode were collected and mixed in a container, shaken and poured onto a refractometer to measure the °Brix value. The °Brix measurement was recorded using a hand-held °Brix refractometer (Model: RHB-32ATC, from Huake Instrument, Co., Ltd, Baoan, Shenzhen, China; the °Brix range is 0-32% with automatic temperature compensation). The refractometer was cleaned after each measurement to avoid cross contamination. Even though the standard sugarcane quality is measured using CCS, which is derived from °Brix, Pol and fibre content, only the °Brix value was used in this study. °Brix was chosen because it was the easiest, least expensive quality parameter to be measured with little preparation. 22 Spectral data pre-processing Before calibration, the spectral data were pre-processed for optimal performance. The effect of several preprocessing techniques on the performance of PLS models was investigated: smoothing by moving average, multiplicative scatter correction (MSC), first and second derivatives, standard normal variate (SNV) transformation and mean normalisation. MSC was found to be the best pre-processing technique for this study. MSC corrects for light scattering variations in reflectance spectroscopy. 23 The pre-processing processes were implemented using the Unscrambler, V 9.6 software (Camo Process AS, Oslo, Norway).
Development of calibration and validation models
Prior to the development of a calibration model, principal component analysis (PCA) was applied to extract useful information from the spectra, decrease the noise and determine the optimum number of latent variables. 24 PCA is a wellknown chemometrics method used to search for directions of maximum variability in sample grouping and using them as new axes called principle components (PCs) that can be used as new variables, instead of the original data, in the following calculations. 25 PCA was also used to detect spectral outliers that might affect model performance in each data set. PCA identified outliers from the influence plot which displays the sample residual x-variances against leverages. Samples with high residual variance are likely to be outliers. These identified outliers were removed before modelling by PLS regression. 26 Frequently used multivariate-regression methods in NIR spectroscopy are principal component regression (PCR) and PLS regression. 27 PLS models are slightly better than PCR because they do not include latent variables (LVs) that are less important to describe the variance of the quality parameter. 28 PLS was used to simultaneously consider the variable matrix Y (sugarcane °Brix) and the variable matrix X (spectral data). In the development of the PLS model, full cross validation (leave-one-out) was used to evaluate the quality and prevent over fitting of the calibration model. 29 In this paper, both PCA and PLS modelling were run using the Unscrambler V 9.6.
External validation was used in this study to check the performance of the PLS models. The samples in the external validation set had not been used for the calibration development. Before calibration, samples were divided into two sets; 75% of the samples were used to develop calibration and 25% of the samples were used to validate the predictive equation (validation set). Samples for validation were selected by taking one of every four samples from the entire sample set, taking care to ensure that each set included samples that covered the entire range of °Brix values.
Typically, a maximum number of LVs used for PLS model is ten. 26 Therefore, the maximum number of LVs used in this study was ten. However, a low number of LVs is desirable in order to avoid inclusion of signal noise in the modelling. 30 The performance of the PLS models was evaluated by the root mean square error of calibration (RMSEC) and the coefficient of determination for calibration (R 2 ) of the model and then, using the validation samples, the root mean square error of prediction (RMSEP), the coefficient of determination for prediction (r 2 ) and the RPD value i.e. the ratio of the standard deviation (SD) of the reference data and to the standard error of prediction (SEP). 31 A proper model should have a low RMSEC, RMSEP and a high R 2 for both calibration and prediction models. 32 
Results and discussion
Sample properties and their spectral characteristics Table 1 summarises the comparison of °Brix values and internode diameters of each variety. A relatively wide range of °Brix values was found due to the inclusion of three different varieties with different maturity stages. The early maturing variety (Q155) had the widest °Brix ranges. In terms of internode diameters, the late maturing variety (Q190) had a larger diameter than the other varieties. A summary of statistical characteristics for calibration and prediction data sets of internode samples is shown in Table 2 . The calibration and prediction data sets showed similar means, ranges and standard deviations. The typical absorbance spectra of three samples having low (14. 2), medium (18) and high (22) °Brix values, as measured by the vis/SW-NIR spectroradiometer, are shown in Figure 2 (a). After applying a MSC pre-processing method, a baseline shift problem that exists in the original absorbance spectra was eliminated [ Figure 2(b) ].
Brix prediction for the average spectral data
The four spectra from each internode (C1 to C4) were averaged into one internode spectrum and this was used for calibration against average °Brix value of the four internode samples. The performances of both calibration and prediction models were presented as the scatter plots in Figures 3(a) and 3(b) , respectively. The R 2 and root mean square error of calibration (RMSEC) for the calibration model were 0.87 and 1.49 °Brix, respectively. The prediction accuracy of this model was reasonably good with an r 2 value of 0.87 and low root means square error of prediction (RMSEP) of 1.45 °Brix, respectively. Even though Shenk and Westerhaus 33 suggested that an r 2 value greater than 0.9 indicates excellent quantitative information, the accuracy obtained from this study could be considered as good considering the heterogeneous nature of the stalk samples. Based on the RPD value of 2.0, this prediction model would be rated as only suitable for rough screening. 31 These results indicated that the vis/SW-NIRS coupled with PLS models could be used to screen sugar content in the field to assist in a plant breeding programme.
The r 2 value obtained in this study was found to be better than that obtained by Nawi et al. 18 who performed spectroscopic measurement using the CSSM on whole stalk samples which were divided into three sections: bottom, middle and top. The r 2 for °Brix prediction reported by them using a vis/SW-NIR spectroradiometer was 0.68. Thus, this study has successfully improved the prediction capability of the instrument. In comparison with similar measurement techniques on solid samples of other crops, this result was comparable to those reported by Peirs et al., 34 with values of r 2 ranging between 0.73 and 0.89 using different apple varieties. The r 2 for this study was also better than the r 2 of 0.82 reported by Lammertyn et al. 35 for apples. However, the result of this study was slightly lower than the result (r 2 = 0.91; SEP = 0.73 °Brix) obtained by Khuriyati and Matsuoka 36 for non-destructively scanning tomato on the skin to predict sugar content. The result of this study was also lower than the result (r 2 = 0.93; RMSEP = 0.26 °Brix) reported by Moghimi et al. 26 for predicting sugar content of kiwifruit and the work reported by Shao et al. 37 with tomato (r 2 = 0.90; RMSEP = 0.38 °Brix). A relatively low result obtained from this study compared to some other crops was mainly due to a significant variation of sugar content along a sugarcane stalk from bottom to the top while the sugar content of other crops is relatively uniform within each individual fruit. Sugarcane solids were also regarded as the most difficult agricultural materials to be analysed by spectroscopic methods. 9
Brix prediction for each individual spectrum data
Manley et al. 38 suggested that more spectral variation for each reference °Brix resulted in more robust calibration models with better prediction accuracy. Thus, in order to investigate the prediction accuracy from large sample numbers with high spectral variation, every individual spectrum from each cut section was used to develop PLS models in this section. Specifically, the purpose of this section was to compare the prediction accuracy between the PLS model developed from an individual spectrum of each cut section and the PLS model developed from average spectra data. The spectrum from each cut section was correlated to the average °Brix obtained for the individual internode. Roughly 1168 spectra data, collected from 292 internode samples with four cut sections (292 × 4 = 1168) were used for both calibration and validation models. However, 5% of the data set have been identified as outliers by PCA. Thus, after they were removed, only 1109 useful spectral data were used for further analysis.
The performances of the PLS models developed from each spectrum are presented in the scatter plots shown in Figures 4(a) and 4(b), respectively. For the calibration model, the values of R 2 and RMSEC were 0.73 and 1.99 °Brix, respectively. While the values of r 2 and RMSEP for the prediction model were 0.76 and 1.88 °Brix, respectively. The quality of both models obtained from this technique was found to be reasonably good. However, these results are lower that the results obtained from the average spectral data. Thus, for future work, instead of developing PLS models using the individual spectrum of each cut section, the average spectrum representing four cut sections of each internode sample should be used. The average spectrum value would reduce the level of spectral variation present within internode samples and thus improve the performance of the prediction model. Alternatively, the prediction accuracy would be improved if each individual spectrum data were correlated to the °Brix values of each cut section.
Brix prediction along the internode Figure 5 shows typical absorbance values for each cut section. The curve of the C1 which represented the node portion shows obvious difference from other cut sections that represented internode sections. Thus, to understand this difference, it is essential to know the °Brix value of each cut section. This knowledge could explain the °Brix variation along the internode, especially between node and internode areas. However, the direct measurement of °Brix from each cut section using the refractometer was not attempted in this study, as this method would be a time-consuming exercise. Therefore, this section describes the prediction of °Brix values using the spectral data from each cut section.
In order to predict the °Brix value of each cut section, the spectral data belonging to each cut section (C1 to C4) were grouped separately. Each group was assigned as a new prediction set. Then, °Brix values of each group were predicted from the spectral data of the new prediction set using the calibration model developed from average spectral data. The predicted °Brix values from each group (cut section) were averaged and shown in Table 3 . The table shows that C1 had the highest predicted °Brix (18.6), followed by C4 (17.9), C3 (17.4) and C2 (17.2) . The °Brix variation between node (C1) and internode (C2-C4) areas was around 8.7%. The node portion (C1) had the higher °Brix values, possibly because the sugars are concentrated initially at the nodes and later midway between the nodes, where they quickly reach the highest concentration found in the internode. 39 However, in terms of prediction accuracy, C1 had the lowest prediction accuracy, followed by C4, C2 and C3 with r 2 values of 0.58, 0.79, 0.82 and 0.90, respectively. These results suggested that the node portion has a higher spectral variation than internodes. A low absorption level of C1 may suggest that the node portion, which is harder than internodes, has a low moisture level with high fibrous materials. Thus, for better prediction accuracy, CSSM should be performed on the internode areas.
Conclusions
This study has demonstrated that vis/SW-NIR spectroscopy could be applied to predict sugarcane °Brix based on CSSM. By means of PLS models, the prediction accuracy of the model developed from average spectral data of each individual internode sample was good, with r 2 and RMSEP values of 0.87 and 1.45 °Brix, respectively. The RPD value of this study was 2, indicating that this method is suitable for rough quality screening in plant breeding programmes. The prediction accuracy of the model developed from each individual spectrum of each cut section showed slightly lower results with r 2 and RMSEP values of 0.76 and 1.88 °Brix. Internode sectional analysis has shown that the °Brix variation between the node and internode areas was up to 8.7%. This analysis found that the C1 (node portion) had the highest °Brix value (18.6 °Brix) compared to other sections. However, the prediction accuracy of this section was the lowest with r 2 of 0.58 °Brix. The variation in prediction accuracy within the internode samples could be up to 13%. Overall, these results suggested that quality prediction based on non-juice samples is feasible using a spectroscopic method. By adopting the CSSM, the conventional quality measurement based on juice samples could be avoided. This study has created a new possibility of applying a spectroscopic method for an on-the-go sensing technique during harvesting to measure sugarcane °Brix on a harvester. However, more effort is needed to design a proper sampling device before this method can be applied. Spectral variations due to different variety, season and cultural conditions also need to be considered in future works.
